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Abstract
With increasing volumes of customer reviews, ‘helpfulness’ features have been 
established by many online platforms as decision-aids for consumers to cope with 
potential information overload. In this study, we offer a differentiated perspective 
on the drivers of review helpfulness. Using a hurdle regression setup for both help-
fulness and unhelpfulness voting behavior, we aim to disentangle the differential 
effects of what drives reviews to receive any votes, how many votes they receive and 
whether these effects differ for helpful against unhelpful review voting behavior. As 
potential driving factors we include reviews’ star rating deviations from the average 
rating (as a proxy for confirmation bias), the level of controversy among reviews and 
review sentiment (consistency of review content), as well as pricing information in 
our analysis. Albeit with opposite effect signs, we find that revealed review un-/help-
fulness is consistently guided by the tonality (i.e., the sentiment of review texts) and 
that reviewers tend to be less critical for lower priced products. However, we find 
only partial support for a confirmation bias with differential effects for the level of 
controversy on helpfulness versus unhelpfulness review votings. We conclude that 
the effects of voting disagreement are more complex than previous literature sug-
gests and discuss implications for research and management practice.
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1 Introduction
The ongoing rise of e-commerce has led to a fundamental change in the way peo-
ple seek out for product information. One way of shaping the customer’s informa-
tion search is user-generated content (UGC), which, especially in the form of online 
reviews, has quickly established itself on the Internet. As many customers trust 
the product evaluation of unknown consumers, UGC has become an independent 
product information source and is perceived as being more persuasive and influen-
tial than traditional marketing communication means (Bickart and Schindler 2001). 
According to a recent survey, 93.4% of online consumers read customer reviews to 
familiarize with an unknown digital retailer (eMarketer 2019). As a study by Bright-
Local (2019) shows, 76% of consumers trust online reviews as much as personal 
recommendations. In this regard, the valence of the review plays an important role 
as positive reviews tend to increase, and negative to decrease trust in the company 
(Trustpilot 2019). Overall, consumers show a higher willingness to buy a product 
which is promoted via reviews (Duan et al. 2008).
However, online reviews only simplify information gathering when they are man-
aged in a way that makes it easy for the consumer to scan and assess them. When 
products have been online for a long time or gain in popularity, online feedback can 
easily exceed the mark of 100 product reviews. Such large volumes can hardly be 
processed by readers (Singh et al. 2017). Additionally, inconsistencies in informa-
tive content and in the quality of reviews increase the risk that potential customers 
take predominant notice of unhelpful reviews that contain irrelevant information, 
and which will ultimately lead them to abandon the product purchase. To alleviate 
these challenges, many platforms use a feature called the ‘helpfulness vote’ which 
enables subscribers ‘to review posted reviews’. As depicted in the example in Fig. 1, 
customers are asked a simple dichotomous question: “Was this review helpful to 
you?”, and can decide whether to vote “yes” or “no” if they were satisfied or dissat-
isfied with the review. By subsequently ranking online reviews based on the opinion 
of the crowd, the helpfulness vote allows the platforms to more efficiently provide its 
consumers with the information most valuable to them (Baek et al. 2012). The help-
fulness feature is not only perceived as an indicator for customers to select relevant 
entries (Cao et al. 2011) but also minimizes the customers’ anticipated purchase risk 
as it serves as a control measure for quality (Huang et al. 2015).
Fig. 1  Example of helpfulness question
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Indisputably, reviews have become an indispensable tool for e-retailers and man-
ufacturers, who utilize the user-generated feedback to track consumers’ opinions and 
to gather insights into purchase experiences which are vital for customer care. Not 
surprisingly, retailers benefit from increased product sales pushed by reviews and 
are advised to allocate their budget accordingly (Marchand et al. 2017).
As helpful votes attract more attention from information seekers and thus posi-
tively affect website traffic (Qazi et  al. 2016), platforms try to feature helpful 
reviews more prominently and hide rather unhelpful reviews. There has been a lot of 
research on why customers consider a certain review as helpful (e.g. Yin et al. 2016; 
Zhou and Guo 2015). We build on this prior research and extend it by contributing 
along the following three dimensions: (1) we explicitly address differences between 
helpfulness and unhelpfulness of reviews, (2) we investigate the differential effects 
of potential drivers of attracting zero or at least one vote and therefore account for 
the latent propensity to vote for a review, and (3) we consider different predictors 
and different operationalizations of well-known predictors of online review un-/
helpfulness.
Previous research has ignored review unhelpfulness and solely focused on deter-
minants that affect review helpfulness (e.g., Zhou et al. 2020; Zhu et al. 2014). As 
a result, ignoring what drives unhelpful votes implicitly assumes that what causes 
helpful votes will reduce unhelpful ones in the same manner. This is in contrast to 
Mittal et al. (1998) who draw on prospect theory (Kahnemann and Tversky 1979) 
and show asymmetric effects of negative vs. positive product performances on cus-
tomer dis-/satsifaction. As the review voting behavior can be seen as a proxy of a 
user’s dis-/satisfaction with a review, it may well be possible that asymmetries exist 
in what causes helpful and unhelpful voting behavior. This sheds new light on the 
findings from preivous research and calls for a revisit in the context of unhelpful-
ness. To the best of our knowledge, we are the first to study unhelpful votes and 
to empirically evaluate the differential effects of helpfulness drivers on unhelpful 
votes. This way, our study draws a more holistic view on review voting patterns and 
helps platforms to better identify unhelpful reviews.
Because of the sheer volume of reviews available online, it is possible that many 
reviews remain unread and hence do not receive any votes (and attention) at all. 
Since a prospective customer on average reads ten reviews before she feels able to 
trust a business (BrightLocal 2019), she might not want to vote on all of them. Inter-
estingly, the vast majority of previous research on the determinants of review help-
fulness has considered the review voting mechanism as a one-step process by just 
considering the number of helpful votes (e.g., Zhou and Guo 2015) or the propor-
tion (e.g., Schlosser 2011) as dependent variable. Typically, observational data sets 
on review helpfulness contain a latent propensity to vote which we cannot observe 
directly. In order to control for that, we model the number of un-/helpful votes as 
a two-step process. In particular, we want to identify those review dimensions that 
lead a review to receive at least one vote, and those that lead reviews to receive mul-
tiple votes.
Finally, in our aim to understand the mechanism behind voting, we draw on pre-
vious research that has centered on rating deviations (e.g., Yin et al. 2016) and (in-)
consistencies within a review (e.g., Zhou and Guo 2015) as predictors of the number 
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of helpful votes. Still, studies do not agree on the effects of these predictors and 
some find their hypotheses unsupported. We account for possible asymmetries in 
these effects in order to understand whether the sign of such deviations moderates 
their effects. In addition to that, only few studies consider how the price of a product 
influences the voting behavior (see, e.g., Baek et  al. 2012). However, prospective 
customers might be more involved when dealing with higher prices and hence vote 
differently. This way, our set of predictors covers research on the three main areas of 
review helpfulness, namely ratings, text related aspects, and product characteristics.
Our approach enables us to dissect the online review voting behavior by separat-
ing and studying the interplay between these three dimensions.
The remainder of this article is structured as follows: In the next section, we pro-
vide a brief overview of existing literature and position our research in this field, 
which helps us to derive our hypotheses. In Sect. 3 we present our model and briefly 
discuss the empirical setting we are investigating. Section 4 contains the results of 
our analyses. We conclude with a discussion of our results and explore the implica-
tions of our study.
2  Prior research on review helpfulness
Previous literature has looked into different aspects of review helpfulness vot-
ing behavior. Especially review-related aspects like star rating (e.g., Mudambi and 
Schuff 2010), review depth (e.g., Kuan et al. 2015) or sentiments (e.g., Siering and 
Muntermann 2013) have been of interest. However, such simple metrics are inapt 
to capture the specific contexts reviews are read and ultimately voted as helpful 
or unhelpful. The latter very likely depends on the phase of a customer journey or 
the stage of a customer’s product search process. For example, the perception of a 
review at a later stage of product search (i.e., when a customer already has acquired 
some product information) is affected by comparing it with some prior beliefs, 
which in turn affects the helpful- vs. unhelpful-ness judgement (and the willingness 
to make this judgement public by voting). Furthermore, there may also be conflict-
ing elements within a review as opposed to previously read reviews that might affect 
a user’s decision to vote on the review. We discuss these aspects of conflicts below 
by referring to confirmation bias and those capturing the consistency of review con-
tent. As a third group of predictors, we include the price of a brand. Because we 
expect users of higher priced brands to be more involved and to investigate reviews 
more thoroughly we also expect them to vote differently.
Using these three groups of predictors, Table 1 summarizes how our study dif-
fers from previous research. All of the studies have focused on helpful votes and 
completely ignored effects on unhelpful votes. To the best of our knowledge, this 
finding still holds if we extend the focus beyond our set of determinants and take 
into account all previous studies on review voting behavior. Studies focusing on the 
(assumed) helpfulness of product reviews either model the number of helpful votes 
or their proportion among all votes. Interestingly, most studies employ a one-step 
approach when it comes to explaining helpfulness of a product review. Finally, the 
research contexts and data sources used to analyze reviews differ. Whereas some 
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studies have a rather narrow scope and intensively analyze one particular product 
category offered on Amazon (e.g., Danescu-Niculescu-Mizil et al. 2009), others take 
a more generalized perspective by considering 24 different product types (e.g., Zhou 
et  al. 2020). Relative to prior work in this field, our research is the only one that 
studies both helpful and unhelpful voting behavior as a two stage-process and con-
siders all three types of determinants which we will discuss below in more detail. 
By extracting the information from the reviews only within the first two weeks after 
they were posted, we ensure that all of the reviews have approximately the same 
age. This procedure serves to reduce “winner takes all dynamics” which often occur 
among review voting (see Sect. 3.3). The domain of our research covers reviews on 
tablet PC offered at Amazon.
2.1  Determinants
In the following, we briefly summarize previous research that relates to the three 
groups of determinants of review helpfulness highlighted in Table 1, namely confir-
mation bias, consistency of review content, as well as price of the underlying prod-
uct or product category. In doing so, we also derive a set of hypotheses emerging 
from the literature.
2.1.1  Confirmation bias
According to confirmation bias, individuals prefer information that is in line with 
their initial beliefs (Nickerson 1998). Using an experimental setting, Cheung et al. 
(2009) were the first to investigate confirmation of prior belief and found it to be 
positively influencing the review’s credibility. As many e-retailers make the distri-
bution of ratings easy to access on the product introduction page, the average rating 
per product may support customers in forming their intial beliefs about a product. 
Consequently, we can assess confirmation bias with rating disagreement, i.e., the 
interplay of a focal review’s rating with the products’ average rating relates to help-
fulness (Yin et  al. 2016). We will refer to positive disagreement as the extent to 
which a review deviates positively from the average rating of the product. Naturally, 
negative disagreement refers to the extent to which the review deviates negatively 
from the average rating.
A lot of studies have addressed how a disagreement of a specific review’s rating 
from the product’s average rating affects helpfulness of a review: Baek et al. (2012) 
find disagreement to have a negative effect on helpfulness votes. These effects are 
moderated by product type and price, with the effect being stronger for experience 
and low-priced goods, respectively. Zhu et al. (2014) find that higher disagreement 
reduces the positive effects of online attractiveness and reviewer expertise respec-
tively on the number of helpful votes.
The effects of disagreement may also be moderated by the controversy (i.e., the 
variance) of the products’ ratings and the valence of disagreement. Generally, as Pan 
and Zhang (2011) pointed out, controversy can lead to an elevated uncertainty about 
the validity of any specific review. If every review points in the same direction, users 
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tend to deem each individual review as more helpful, as opposed to when reviews 
lead to diverging conclusions.
Based on controversy and the valence of disagreement, Danescu-Niculescu-Mizil 
et al. (2009) only find support for the conformity theory if controversy is very low. 
If, on the other hand, the level of controversy is high, readers consider a review more 
helpful if it disagrees, especially in a positive way.
Interestingly, Yin et al. (2016) find that controversy reduces negative impact of 
rating disagreement, which is in contrast to the findings by Danescu-Niculescu-
Mizil et al. (2009). However, Yin et al. (2016) did not take into account the sign of 
the disagreement. These diverging findings suggest that it may be useful to disentan-
gle positive and negative disagreement.
Against the background of the mixed evidence in previous findings, we base our 
hypotheses on the most frequent findings which are supported by confirmation bias. 
Voters will form their opinions based on the elements available to them and the 
average star rating of a product is one of the most salient elements. Therefore, the 
more a review disagrees with the average star rating, the less helpful we expect it 
to be. Simultaneously, these initial impressions are stronger when the reviews avail-
able are unanimous, and weaker when they are controversial. Therefore, in a highly 
controversial setting, voters’ beliefs will not be as strong and, therefore, weaken the 
effect of rating disagreement. We posit the following hypotheses:
H1a: (Positive and negative) disagreement reduces the number of helpful 
votes.
H2a: Controversy has a negative impact on the number of helpful votes.
H3a: Controversy weakens the effect of disagreement on helpful votes.
2.1.2  Consistency of review content
Another set of studies has addressed (in-)consistencies of review content by com-
paring arguments (Schlosser 2011) or sentiments (Zhou and Guo 2015; Zhou et al. 
2020) to other review specific characteristics.
In general, sentiments can vary from truly positive through neutral to extremely 
negative. Thus, polarity is used to extract the emotional value a person gains from 
a purchased product (Wilson and Hoffmann 2009). Siering and Muntermann (2013) 
find that reviews with a stronger positive sentiment are more likely to get helpful 
votes. Their results are further moderated by product type such that reviews with 
negative sentiment polarity positively influence the number of helpful votes for 
experience goods, whereas consumers interested in search goods prefer positively 
framed reviews. Zhou and Guo (2015) studied the effect of sentiment polarity on 
helpfulness using data from restaurant reviews on Yelp.com. They observed a nega-
tivity bias, which is in line with Siering and Muntermann (2013) given that restau-
rant visits are experience goods. The existence of a moderating impact of product 
type on the effect of sentiment polarity is challenged by the results of Baek et al. 
(2012), who find that the number of negative words in a review increase the review’s 
helpfulness both for search and experience goods.
We follow the majority of the results for search goods and henceassume:
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H4a: Positive sentiment polarity increases the number of helpful votes.
However, we can conclude that there is much discrepancy regarding the effect of 
sentiment polarity on perceived review helpfulness. Review polarity is undeniably 
important, but there remains a number of open questions concerning this topic. We 
argue that applying polarity in the context of interactions with other variables might 
provide clarification. Consequently, we are interested to see how polarity interacts 
with the star ratings of a product and how this interaction influences the perceived 
helpfulness and unhelpfulness of reviews.
Lak and Turetken (2014) found that star ratings and polarity scores are often in 
agreement. However, it is not always valid to assume that a star rating and the writ-
ten content of a review measured by a polarity score go in the same direction. Infor-
mation inconsistencies of review content can easily occur. Hence the possibility that 
a review contains a positive rating and a negative review content, or vice versa, can-
not be ruled out entirely. In such situations, it is necessary to think of the combined 
influences on the readers’ attitudes towards the review and their voting behavior. In 
the following, we refer to the concept of consistency of review content by describing 
it as the extent to which a review’s quantitative aspect (star rating) is in agreement 
with its qualitative aspect (sentiment polarity).
Please note that the topic of inconsistent information provision is not new in 
consumer research. Zhou et al. (2020) study whether the text and the sentiment in 
title and body are consistent, respectively. Zhou and Guo (2015) discovered a strong 
interaction effect of rating and sentiment for long reviews. This sounds reasonable, 
as it is easy to imagine that a review which is consistent in its rating and text valence 
is assessed as more trustworthy (Tsang and Prendergast 2009). Likewise, reviews 
that lack consistency make the reviewer appear less competent and persuasive 
(Schlosser 2011). We thus assume:
H5a: Consistent reviews are considered more helpful.
2.1.3  Price
Generally, the product price appears to be one variable which researchers have stud-
ied in less detail within the context of online review helpfulness. Even if a study 
addresses price as a determinant, only some studies measure it with the price of the 
product or service (Baek et  al. 2012; Otterbacher 2009; Yin et  al. 2016) whereas 
others rely on some proxy (Wang et al. 2020; Zhu et al. 2014). This is especially 
surprising since price is one of the primary motivators of people to shop online, 
as reported in a UPS survey on online searching and selecting behavior of custom-
ers (Gupta 2017). In addition, price also serves to determine the (perceived) risk 
involved with a purchase. It is hence not surprising, that consumers engage more 
with expensive products (Laurent and Kapferer 1985). In line with that, Liu et al. 
(2019) find that consumers tend to pay attention to reviews of higher priced prod-
uct categories and for which they still require some information. Otterbacher (2009) 
finds a positive correlation of price with helpfulness. Baek et  al. (2012) relate to 
Petty and Cacioppo’s (1986) Elaboration Likelihood Model (ELM) and claim that 
the price of a product affects whether consumers are using central or pericpheral 
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cues. However, their hypothesis is only partially supported. Their results show that 
people decide to up vote a review as helpful upon the basis of central cues when pur-
chasing high-priced search goods, and on the basis of peripheral cues when buying 
low-priced experience goods.
In a more recent application of the ELM, Wang et al. (2020) find that price cues 
(in terms of money related words in the review text) only positively affect the num-
ber of helpful votes for low-class hotels. Another study from the hotel industry uses 
the number of $-signs as a price indicator and finds that the price has a moderat-
ing effect: For higher priced hotels the positive impact of reviewer online attractive-
ness is higher whereas the positive effect of reviewer expertise is lower (Zhu et al. 
2014). Comparable to Wang et al. (2020), we focus on a single product category and 
use product price as an indicator for involvement. In our application of ELM in the 
context of consumer involvement with regard to information processing of online 
reviews, we link the concept to the motivation to handle product information (Celsi 
and Olson 1988).
Considering a high-priced product will increase risk perception among con-
sumers wishing to avoid a wrong purchase decision and also to waste money on a 
product which does not satisfy one’s needs, it follows that consumers will be highly 
motivated to carry out a product information search in order to reduce or even elimi-
nate the perceived risk and to make a better purchase decision in general. Conse-
quently, we expect consumers to be more cognitively involved, and to scrutinize and 
intensively study the messages to obtain further information (Petty and Cacioppo 
1986). In contrast, the consideration of buying a low-price product is connected to 
less serious negative consequences of a bad purchase decision. Therefore, we expect 
customers to search less extensively for information. In such cases, consumers take 
the peripheral route as a consequence of their lack of motivation and the limited 
efforts they are willing to invest. Because of that we assume
H6a: Low-priced products will obtain more helpful votes than high-priced 
products.
H7a: Low-priced products weaken the effect of rating disagreement.
2.2  Type of votes
In terms of the overall variable of interest, two groups of studies can be identified: 
One uses the number of helpful votes (e.g., Baek et  al. 2012; Otterbacher 2009; 
Wang et  al. 2020; Zhou and Guo 2015) another stream of literature uses the pro-
portion of helpful votes among all votes as their dependent variable (e.g., Danesu-
Niculescu-Mizil et  al. 2009; Schlosser 2011). However, common to most of both 
approaches is to analyze the emergence of review helpfulness as a one-stage pro-
cess. This implies that all reviews are equally likely to receive votes, which in turn 
can result in either over- or underestimating the impact some review features may 
have on the outcome. To the best of our knowledge, Zhu et al. (2014) were the first 
to account for this bias and acknowledge that some reviews did not receive any 
votes because they have not been read, while others have not been found helpful, 
which captures the decision to vote for a review and the conditional helpfulness ratio 
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separately. Similar by idea, but conceptually different we also account for the possi-
bility that some reviews may never receive any votes. As detailed below in Sect. 3.2, 
we do so by adopting a hurdle model approach (Mullahy 1986; Zeileis et al. 2008).
Our study further differs from previous research by distinguishing between help-
ful and unhelpful votes to examine whether the two measures are indeed determined 
by the same underlying logic. In Table 2 we summarize our set of previously dis-
cussed hypotheses on the expected effects of review characteristics on helpful votes 
(H1a–H7a). Given the absence of previous research on unhelpfulness we are assum-
ing a corresponding set of reverse effects on unhelpful votes (H1b–H7b), which we 
will empirically examine in the following application study.
3  Empirical modeling setup
In this section we introduce how we measure our variables of interest, describe the 
modeling framework adopted in the subsequent application study, and introduce the 
empirical setting at hand.
3.1  Operationalization
Table 3 gives an overview of the dependent and independent variables in our study. 
We chose both stated helpfulness and unhelpfulness of reviews as our depend-
ent variables and estimate two models. Instead of following the approach of other 
researchers (e.g., Danesu-Niculescu-Mizil et al. 2009; Schlosser 2011) to measure 
helpfulness as a ratio we change this ratio into a count measure. This transforma-
tion results in an offset variable which accounts for the total number of votes. This 
allows us to avoid some of the shortcomings of the helpfulness ratio, such as over- 
or underestimating the true (un-)helpfulness of reviews.
Controversy reflects the degree of disagreement among existing reviewers of a 
given product. We operationalize it as the standard deviation of the ratings provided 
in the reviews for the same product that antecede the review at hand. If past ratings 
of past reviews for the same product denote a high standard deviation, we assume a 
Table 2  Overview of research hypotheses
Hypotheses Expected effect on
Helpful votes Unhelpful votes
H1 (rating disagreement) H1a: negative H1b: positive
H2 (controversy) H2a: negative H2b: positive
H3 (interaction of disagreement and controversy) H3a: weaker H3b: stronger
H4 (positive sentiment polarity) H4a: positive H4b: negative
H5 (internally consistent reviews) H5a: positive H5b: negative
H6 (low price) H6a: positive H6b: negative
H7 (interaction of low price and rating disagreement) H7a: weaker H7b: stronger
1 3
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high level of controversy. Conversely, if past reviewers were more homogenous in 
the ratings they provided, we see it as a sign of low controversy regarding the prod-
uct’s quality.
To measure how a specific review’s rating disagrees from the average ratings for 
the same product, we will look at positive absolute deviation and negative absolute 
deviation separately. Herein, our operationalization differs noticeably from other 
studies (e.g., Yin et al. 2016). While consistency across reviews has so far mostly 
been measured as the absolute rating deviation, our approach enables us to check for 
a positive–negative asymmetry, which would also not have been possible using the 
signed difference between a rating and its average.
To determine whether a review was positive, neutral or negative, we extract the 
polarity score, a dictionary-based metric of the sentiment in a review. For this pur-
pose, we apply an algorithm proposed by Rinker (2013) and available in the R pack-
age qdap, which utilizes a sentiment dictionary created by Hu and Liu (2004). It 
deducts the occurrences of negatives words from those of positive words to com-
pute an overall polarity score for each review. Besides analyzing naturally evalua-
tive words (e.g., “great”), this augmented sentiment analysis considers both valence 
shifters (e.g., “not”) and amplifiers (e.g., “very”). This allows the algorithm to iden-
tify a sentence such as “I am not satisfied with the product” as a negative, rather than 
positive sentence due to the valence shifter “not”. We will use the polarity score 
to test the concept of review consistency. Building on our polarity scores, we then 
measure consistent review content via the interaction between polarity and rating 
disagreement.
Furthermore, we create a binary variable price. We split the unique prices at the 
75th percentile to distinguish between high-priced and low-priced products, which 
corresponds to a price cut at $500. Everything below this reference point is consid-
ered a comparatively affordable product and everything above an expensive product. 
Please note that the price variable reflects information concerning different tablet 
brands.
We further interact our pricing variable with the disagreement of a focal review to 
assess how pricing effects may change depending on the consistency across reviews. 
Finally, we also take into consideration a set of control variables to account for fur-
ther characteristics of a review.
3.2  Model
As already mentioned, we assume that voting for a review follows a two-step 
approach, i.e., reviews must have been displayed and read in the first place. Based on 
our individual level asumptions, a consumer then decides whether and how to vote 
on a review. We hence examine reviews regardless of whether they were evaluated 
or not. Although we do not directly observe the process assumed on the individual 
level, the outcome is reflected in our final dataset which evinces many zero obser-
vations for the number of un-/helpfulness votes. Implementing a hurdle regression 
(Mullahy 1986; Zeileis et al. 2008) allows us to handle both zero-inflation and over-
dispersion, another common issue with count data. As many reviews do not receive 
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any votes at all, these data sets often contain more zero observations than a classic 
count model can account for. In addition, the hurdle model captures two different 
processes regarding the voting behavior, which a classic count model would ignore. 
First, we establish whether a certain review receives any helpful or unhelpful votes, 
which is captured by the hurdle model’s right-censored binary part (i.e., zero com-
ponent of the model) via a negative binomial distribution. This way, we can account 
for the latent propensity to vote, which we cannot observe directly. If the propensity 
becomes positive, a review was able to attract at least one un-/helpful vote. In such a 
case we can model the number of votes with a truncated count model in the second 
process. In this case, the hurdle model estimates the expected number of un-/helpful 
votes conditional on the probability of receiving a vote as established in the binary 
part (i.e., count component of the model). This count component follows a left-trun-
cated negative binomial distribution and assesses the actual level of (un)helpfulness 
of a review. The formal specification of the hurdle model is as follows:
3.3  Data
To illustrate our approach, we model review (un-)helpfulness by using publicly 
available data provided by Wang et al. (2014). The dataset includes information on 
different tablet brands (such as, e.g., Kindle or Apple) available on amazon.com and 
their corresponding customer reviews and review information. We will however 
not consider all reviews as the context of review voting is prone to “winner takes 
all” dynamics, with very skewed distributions of votes across reviews. In particular, 
most reviews receive very little votes and a few reviews receive the vast majority 
of votes. This occurs in part due to the nature of the review management system 
applied by amazon, and that is not unique to this company. Reviews that receive 
more helpful votes tend to be displayed more prominently, which enables them to 
receive even more votes, perpetuating their position at the top (Liu et  al. 2007). 
Thus, we restrict our analyses on users’ reactions towards a review within the first 
two weeks after its submission, which reduces our sample to reviews posted between 
January 26 and July 04, 2012. This sample selection is supported by findings by, 
e.g., Yin et al. (2016), who have shown the natural tendency for reviews to receive 
fewer votes the older they get. Our novel approach to only consider reactions to a 
review that occurred within the first 2 weeks after posting also allows us to reason-
ably control at least one aspect of the early bird bias. By looking exclusively at the 
2-weeks time frame of a review’s existence, we prevent the exponential development 
of votes for helpful reviews that were posted early on from disproportionally influ-
encing our results. To further account for these biases, we also include three addi-
tional variables in our model: high number of reviews, log(Sales rank), and review 
age. To our knowledge, previous studies have ignored these sources of bias.
(1)fHurdle(y;x, 𝛽, 𝛾) =
{
fzero(0; x, 𝛾) if y = 0
(1−fzero(0; x,𝛾))⋅fcount(y;x,𝛽)
(1−fcount(0; x,𝛽))
if y > 0
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Because of this selection and further data cleaning, such as removing cases for 
which the number of helpful votes exceeded those of total votes, we arrive at a sam-
ple of 12,547 reviews. Table 4 briefly summarizes our variables and their correlation 
structure. As almost all correlations are well below the absolute value of 0.7, the 
correlation matrix does not indicate serious collinearities.
4  Results
Before presenting the effect of our estimates for the predictors of our juxtapositions 
(i.e., receiving at least one vote vs. changes in the number of votes and helpful vs. 
unhelpful voting patterns), we examine whether the data support our assumption of 
a hurdle process. The reviews in our data set receive on average 1.65 (1.76) (un-)
helpful votes. Whereas there are some outliers (with more than 100 un-/helpful 
votes), more than one third of the reviews did not even receive one single vote. On 
the unhelpful side, the proportion of reviews without votes is even higher (more than 
50%). To test, whether we indeed need a hurdle model, we perform a Wald test, 
which tests the pairwise equality between all coefficients from the two components 
and hence the necessity of the zero component (see Zeileis et  al. 2008). For both 
models, we find evidence for the zero component which argues in favor of a hur-
dle model ( 2 = 485.539 and 2 = 2236.961 , concerning the helpful and unhelpful 
models respectively). Furthermore, both hurdle models are superior to classic count 
models in predicting the observed zero counts, which further supports our hurdle 
model assumption. Model evaluations based on the Akaike Information Criterion 
provide evidence that assuming a negative binomial distribution is superior or at 
least on par (Fabozzi et al. 2014) with other hurdle model specifications.1
4.1  Results of the hurdle regressions
We plot the coefficient estimates (for the coefficients and significance levels see 
Table 5 in Appendix 1) of our two hurdle models with helpful and unhelpful votes 
as our dependent variables in Fig. 2. Panel A displays the results of the zero com-
ponent of the models for both helpful and unhelpful votes, whereas the right panel 
displays the results of the count component of the models.
Before evaluating our set of hypotheses, we compare how our determinants 
affect the zero component opposed to the count component of the two hurdle mod-
els. Whenever a coefficient in the zero component and the count component is sig-
nificant, they usually point in the same direction for all the predictors. Take, for 
1 We thank the two anonymous reviewers for drawing our attention to different model candidates. In 
particular, we tested the following models: classic count models based on Poisson and negative binomial 
distribution, respectively. Regarding the hurdle models we considered the following four models: bino-
mial distribution for the zero component and Poisson and negative binomial distribution for the count 
components, respectively, Poisson for zero and count component, and negative binomial distribution for 
zero and count component.
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example, low price which has a negative effect on the probability of unhelpful votes 
(zero component) and the number of unhelpful votes (count component) at the same 
time. However, we also note that not all predictors show a significant effect in both 
equations. The differences in coefficients show that it is beneficial to consider the 
review voting behavior as a two-stage process, since the determinants for a review 
to get many votes are not necessarily the same that separate reviews that obtain no 
votes from those that obtain one vote or more. Take for instance the level of contro-
versy and its effect on the number of helpful votes. While controversy has a negative 
effect in the zero component it has no significant effect in the count component. Fur-
thermore, sizes of the coefficients differ across the two model components. Hence, 
predictors may affect the probability to vote and the number of un-/helpful votes dif-
ferently, at least to some extent.
4.2  Comparing helpful to unhelpful voting behavior
In this subsection we aim to show how our groups of predictors affect the helpful vs. 
unhelpful voting behavior based on the estimates visualized in Fig. 2. We will accept 
our hypothesis as supported whenever the respective coefficient is significant with 
Fig. 2  Predictor effects on helpful and unhelpful votes
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a p-value < 0.05 and points to the hypothesized direction in at least one of the two 
model components.
4.2.1  Confirmation bias
We start by analyzing the effects of rating disagreement on review helpfulness. We 
assess H1a with negative and positive disagreement, respectively. In contrast to pre-
vious studies (e.g., Yin et  al. 2016), disagreement (positive or negative) does not 
show a significant effect neither in the zero nor in the count component of the model 
(thus, H1a is rejected). We find a negative effect of controversy for the zero com-
ponent of the hurdle model (H2a supported). Further, we do not find evidence for 
the interaction of controversy and negative or positive rating disagreement (H3a is 
rejected).
Moving to the effects on unhelpfulness, we find that positive and negative disa-
greement lead to more unhelpful votings, as the coefficient for negative (positive) 
disagreement is significant for the count (zero) equation, respectively (H1b sup-
ported). For controversy we observe a negative effect for the zero component (thus, 
H2b is rejected). Finally, both interaction terms of rating disagreement with con-
troversy have a significant negative effect in at least one of the two model compo-
nents and hence reduce instead of increase the effect of rating disagreement (H3b 
rejected).
We next construct marginal effect plots based on the overall expectation. This 
way, we are able to also control for the many interactions considered in our model 
and to ease interpretation of the coefficients. In the following plots, the vertical axis 
refers to the expected number of helpful votes or the expected number of unhelpful 
votes; the horizontal axis refers to a (continuous) explanatory variable, and the dif-
ferent lines represent different levels of another explanatory variable that interacts 
with the variable on the horizontal axis. As the interaction variable is continuous, 
we present the 5th, the 50th and the 90th percentiles of that variable, naming these 
low, median, and high. In doing so, we vary the determinants of interest between 
low, medium, and high levels and simultaneously fixing the remaing predictors.
The two panels of Fig. 3 show how the expected number of helpful votes (Panel 
A) and unhelpful votes (Panel B) are affected by different levels of controversy and 
disagreement.
Looking at the left panel we find that positive disagreement leads to more helpful 
votes than negative disagreement, as illustrated by the fact that the three lines cor-
responding to positive disagreement are higher than the three lines corresponding to 
negative disagreement. The only exception occurs when the level of controversy is 
high (i.e., above 2). This finding is consistent with the one from Danescu-Niculescu-
Mizil et al. (2009), which lead them to move away from the theory of conformity. 
This plot one more time shows the negative effect of controversy on the number of 
helpful votes which is consistent with findings by Pan and Zhang (2011).
Turning to unhelpful voting patterns, negative disagreement makes the reviews 
receive more unhelpful votes. For high levels of negative disagreement, we see by 
far the highest expected number of unhelpful votes. Revisiting H2b, we can one 
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more time observe that in the presence of controversy among reviews the number 
of unhelpful votes decreases, which rejects the hypothesis. It seems that readers will 
be less certain about what to believe in and abstain from punishing if there is a lot of 
controversy among the reviews.
From this observation we conclude that helpful votes are generated differently 
than unhelpful votes. For the helpful voting behavior, we do not find a significant 
impact of rating disagreement, which suggests that confirmation bias is not an issue. 
This is in contrast to studies by, e.g., Baek et al. (2012) or Yin et al. (2016). How-
ever, these authors only looked at disagreement in general, whereas we differentiate 
between positive and negative disagreement, respectively. In fact, readers may value 
positive disagreement more positively than negative disagreement. It is important 
to note however, that controversy among the reviews’ ratings reduces the number 
of helpful votes, which shows that readers have difficulties assessing the quality of 
reviews if opinions diverge. Regarding unhelpful voting behavior, people seem to 
punish reviews that disagree negatively from their prior belief, especially if they dis-
agree negatively. One possible explanation could be the confirmation bias: People 
reading a tablet review are likely to have a good impression of the product. This 
suggests that they would punish reviewers who disconfirm their prior beliefs. As 
we do not find this effect in the helpful voting behavior, it seems that people punish 
more easily than reward (with a helpful vote if the review disagrees positively). Let 
us draw your attention one more time to controversy among reviews. Interestingly 
we find that increasing controversy does not lead to more punishing behavior among 
readers. In fact, increasing levels of controversy seem to work in the same manner as 
in the helpful voting behavior. It seems that readers having a harder time to evaluate 
the reviews which moves them away of casting a vote.
Fig. 3  Marginal effects of controversy and positive/negative disagreement on the expected number
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4.2.2  Effects of consistency of review content and price
For the remaining determinants, we again start with the effect on the number of 
helpful votes. From Fig. 2 we observe that reviews with an overall positive senti-
ment have a positive effect in the zero component of the hurdle model, which is in 
line with previous research (e.g., Siering and Muntermann 2013) and thus supports 
H4a. Reviews that are inconsistent, i.e., have an overall positive sentiment paired 
with a negative disagreement, have a negative effect in the zero component, which is 
in line with Zhou and Guo (2015) and thus gives us reason to support H5a.
Regarding the unhelpful voting pattern, we find strong evidence that reviews 
phrased with negative sentiments are prone to receive unhelpful votes (H4b sup-
ported). Similar to the helpfulness side, we also find evidence for H5b which means 
that inconsistent reviews are generally more prone to receiving unhelpful votes.
The results from both models suggest that people who are reading a review 
are guided by the tonality, i.e., sentiment of the text. Whenever this is positive, it 
increases the number of helpful or decreases the number of unhelpful votes. It is 
however important that the sentiment is in line with the rating of a review which 
should not disagree negatively as this may confuse readers.
We finally assess the effect of price and its interactions with rating disagreement 
on un-/helpfulness. According to Fig. 2, a focus on a low-priced product has a posi-
tive effect on helpful votes in the count component (H6a supported). In contrast, we 
find that low prices paired with negative disagreement have a negative impact on 
review helpfulness, whereas positive disagreement among low price products has no 
effect on the number of helpful votes (H7a is partly supported).
Regarding unhelpful voting behavior, a low price has a negative effect in both 
components of the hurdle model (H6b supported). Regarding moderation effects, we 
once again observe mixed findings depending on the sign of the rating disagree-
ment. Negative disagreement seems to slightly increase the number of unhelpful 
votes for low priced products, as suggested by the positive significant effect in the 
count component. On the other hand, positive disagreement reduces the number of 
unhelpful votes, as suggested by the negative significant effects of both the zero and 
count components. This provides partial support for H7b.
The support of our hypotheses H6a and H6b suggests that readers generally 
take a less critical stance if prices are low. This is in line with findings from Wang 
et  al. (2020). In such situations, readers tend to face less serious consequences if 
they make a wrong purchasing decision. Therefore, readers’ motivation on elaborat-
ing the purchase decision is lower. However, reviews for low priced products are 
not immune to the effects of disagreement. If the review disagrees negatively, they 
can still expect fewer helpful votes and more unhelpful votes. If the review disa-
grees positively, it does not seem to affect helpful votes, but it reduces the number of 
unhelpful votes.
Finally, we have mixed findings for our control variables: Some neither show a 
significant impact on helpful or unhelpful voting behavior (e.g., real name), oth-
ers (e.g., log(Word count)) have a positive impact on helpful and a negative impact 
on the number of unhelpful votes. Still, we also observe asymmetric effects in this 
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group of variables as log(Sales rank) decreases the number of helpful as well as the 
number of unhelpful votes.
If we contrast these findings, we see one more time that disagreement’s effect 
on helpfulness and unhelpfulness is more complex than previous literature suggests. 
As a rule of thumb, positive disagreement has no influence on helpful votes, but it 
increases the number of unhelpful votes. For low priced products, this positive disa-
greement seems to lead to fewer unhelpful votes whereas a negative disagreement 
lower the number of helpful votes and increases the number of unhelpful votes. The 
latter effect supports the confirmation bias theory.
5  Discussion and conclusions
This article contributes to the existing literature by contrasting two separate dimen-
sions of the online reviews’ environment. One of these dimensions refers to whether 
readers deem a review helpful, as opposed to unhelpful; the other refers to the dif-
ferentiation between receiving at least one vote versus the number of votes received, 
conditional on having received at least one vote. We focused on three groups of 
determinants, namely confirmation bias, consistency of review content, and price. 
We extend the finding of previous research in the following way: First, we assume 
that voting for a review follows a two-step approach. Due to several reasons, such 
as the sheer bulk of reviews and limited time or cognitive capability from the side 
of the consumers, not all reviews will be read. Consequently, some reviews will not 
get any votes. By using a hurdle regression model, we control for this two-step pro-
cess and split the voting process into two parts, the probability that a certain review 
will get at least one vote (zero component of the model), and given that it received 
at least one vote, the number of votes a review may get (count component of the 
model).
Using data on amazon customer reviews for tablet PC brands (Wang et al. 2014) 
we summarize the most important findings of our study on the drivers of review 
(un-) helpfulness are as follows:
• First, we find asymmetry between the driving forces of helpfulness and unhelp-
fulness in a sense that not all determinants affect the number of helpful votes in 
the same way they affect unhelpful votes. This especially holds for controver-
sial reviews, which tend to translate into lower number of votes in general. This 
is an important finding as previous studies only looked into the effects on the 
number of helpful votes and implicitly assumed the effects to hold for unhelpful 
voting behavior as well (with an opposite sign). Our findings suggest that read-
ers are less likely to cast their (un)helpfulness votes in the presence of divided 
opinions.
• Second, rating disagreement has different effects on helpful vs. unhelpful votes. 
Whereas, in general, we do not find any effects on the number of helpful votes if 
a review disagrees, readers tend to punish the review if it is in conflict with ini-
tial beliefs about the product. We can ascribe the latter to confirmation bias. As it 
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is only present among the unhelpful votes, readers obviously tend to punish more 
easily than to reward.
• Third, reviews written in a positive tonality are favored by readers. However, if 
the positive sentiment polarity is not consistent with rating disagreement, it will 
cause the review to get fewer helpful votes and more unhelpful ones.
• Finally, we find that price levels of the underlying products (which we consider 
as an indicator for perceived risk associated with the respective product) deter-
mine the amount of helpful and unhelpful votes. In general, we find that readers 
of reviews on lower priced products seem to take a less critical stance which 
results in more helpful votes and less unhelpful votes.
Our study has some important implications for e-retailers. Because of the 
asymmetric characterics of some of the review aspects, focusing on the number 
of helpful votes is not enough. To better understand the overall voting patterns, a 
careful inspection of what drives helpful as well as unhelpful votes is important. 
Take for instance an e-retailer who only considers results drawn from the helpful 
model. If the review is written in a positive tone, i.e., positive sentiment polar-
ity, the e-retailer may correctly assume that this will stimulate helpful votes and 
hinder unhelpful ones. She may hence consider placing it rather prominently on 
her platform. If the review however relates to a high price product, such a review 
may receive fewer helpful votes than a low price review would get, as users pay 
more attention when prices (and therefore risks) are higher. Because the effects 
are opposite for the effects on unhelpful votes she may correctly assume that such 
a review will provoke unhelpful votes more easily than reviews for lower priced 
products. Hiding these reviews will hence reduce the number of unhelpful votes. 
Interestingly, reviews posted in a product category with a lot of controversy will not 
get helpful votes easily. Consequently, our e-retailer may be tempted to hide these 
reviews as she may be fearing a low number of helpful votes and a higher number 
of unhelpful votes. However, we find that controversy shows asymmetric effects 
on helpful vs. unhelpful votes. Because of that, platform owners would not need 
to punish those reviews completely by moving them to the back of their review 
collection.
Overall, if a review provider wishes to make adequate recommendations to its 
users, it should find out which of its users would find a review helpful and which 
would not. Our study does not provide the necessary tools to evaluate such strate-
gies, but it opens the discussion for such possibilities. The existing body of literature 
dedicated to UGC knows very little about unhelpful reviews and our study aims at 
taking the first steps towards that direction.
From a theoretical standpoint, our study unifies previous literature in explaining 
a widely studied phenomenon. Several studies, most of which we have reviewed in 
Sect. 2, posit well-founded arguments to explain the effects of rating disagreement 
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on helpfulness. However, the methodological approaches employed did not allow 
researchers to find conclusive evidence to support the theoretical frameworks they 
suggested. The confirmation bias, for instance, can only be truly observed by dif-
ferentiating between helpful and unhelpful votes, since the consequences of a con-
firmation bias are more visible in readers’ punishing behavior (unhelpfulness votes), 
than in their rewarding behavior (helpful votes).
Our study also has some limitations as it is concerned with data from amazon 
only. In addition, our results have been derived for search goods, i.e., laptop brands. 
Whether similar patterns also hold for other industries remains an interesting avenue 
for further research. For example, it would be interesting to explore if similar find-
ings can be derived in a setting with more hedonic products and/or service catego-
ries. It might also be worth noting that the effects of rating disagreement are very 
hard to capture, because there is no way of knowing whether readers compare the 
current rating to the overall average. Future studies where the unit of observation 
is the reader who rates reviews, as opposed to the reviews, could build on our find-
ings. In this regard, we need to concede that some of our discussion on the reported 
hypotheses tests could be subject to alternative explanations. However, to further 
investigate these and related claims we call for additional studies, ideally in con-
trolled laboratory or even field conditions.
Finally, another interesting avenue for future research relates to the type of count 
models. Our approach analyzes helpful and unhelpful votes separately. A bivariate 
count regression on the other hand would assume the two dependent variables to 
be correlated (as both make up the total number of votes a review receives). On the 
other hand, we find that some predictors affect the two dependent variables differ-
ently which gives us reasons to believe that positive voting patterns might indeed 
be different and to some extent independent of negative voting patterns. In a similar 
manner, an alternative approach would be to use a model which captures the deci-
sion to vote in the first place (assuming that positive and negative patterns are com-
parable) and then to provide either a positive or negative vote.
Appendix 1: Coefficient estimates of the hurdle models
See Table 5.
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Table 5  Coefficient estimates for the two hurdle models
Note: *p < 0.1; **p < 0.05; ***p < 0.01
Predictors Helpful hurdle model Unhelpful hurdle model
Zero Count Zero Count
Constant 2.931*** − 0.687*** 0.042 − 1.355***
Controversy − 1.093*** − 0.048 − 0.383** 0.063
Negative disagreement 0.150 − 0.017 0.940*** 0.119
Positive disagreement 0.015 0.235 0.103 0.368
Negative disagreement x Controversy 0.333* − 0.069 − 0.359*** − 0.079
Positive disagreement x Controversy 0.114 − 0.064 0.034 − 0.339
Positive sentiment 0.357*** 0.050 − 0.315*** − 0.517***
Positive sentiment x Negative opinion − 0.307*** − 0.045 0.265*** 0.500***
Low price − 0.260 0.246*** − 0.481*** − 0.300***
Low price x Negative disagreement − 0.379*** − 0.219*** 0.038 0.113***
Low price x Positive disagreement 0.126 − 0.039 − 0.429*** − 0.062
High number of reviews − 0.497*** − 0.225*** − 0.042 0.061**
log(Word count) 0.543*** 0.160*** 0.033* − 0.105***
Review age 0.005 − 0.006 0.004 0.008**
Verified purchase − 0.048 0.065*** − 0.173*** − 0.039**
log(Sales rank) − 0.403*** 0.001 − 0.281*** − 0.029***
Reviews by reviewer − 0.001* − 0.0005*** 0.001*** 0.001***
log(Reviewer ranking) − 0.148*** − 0.053*** 0.064*** 0.086***
Real name 0.015 0.002 − 0.021 − 0.014
Location Disclosed 0.021 − 0.067*** 0.107*** 0.078***
Days since 1st review − 0.002*** − 0.0001 − 0.0005*** − 0.00002
Observations 12,547 12,547
Log Likelihood − 16,333.020 − 14,706.890
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